Abstract
: Characteristics of data sets used in the manuscript. "Profile type" is the type of exposure profile (constant or time-variable), "Data points" refers to the number of data points in the data set, "Nbr profiles" is the number of profiles in the data set, "N init " is the initial number of individuals in the profile, "Nbr days" is the number of days for each experiment, and "Time points per profile" is the number of observation time points for each time series (each constant profile consisted of 5 time points).
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109
In this section, we detail the mathematical equations of GUTS models describing the survival rate Here, we provide a summary of GUTS-RED-SD and GUTS-RED-IT reduced models to introduce 
Toxicokinetics
117
We define C w (t) as the external concentration of a chemical product, which can be variable over denoted D w (t), which is therefore a latent variable described by the toxicokinetics part of the model 120 as follows:
where
] is the dominant rate constant, corresponding to the slowest compensating process 122 dominating the overall dynamics of toxicity.
123
As we assume that the internal concentration equals 0 at t = 0, the explicit formulation for constant concentration. These models do not differ in the TK part but do differ in the TD part describing the 129 death mechanism.
130
From the toxicokinetics equation (2), we can easily compute the x% depuration time DRT x , that 131 is, the period of time after a pulse leading to an x% reduction in the scaled internal concentration:
While GUTS-RED-SD and GUTS-RED-IT models have the same toxicokinetic equation (1), the 133 DRT x likely differs between them since the meaning of damage depends on the toxicodynamic equa-134 tions, which are different. 
Toxicodynamics
136
The GUTS-RED-SD model supposes that all the organisms have the same internal threshold con-137 centration, denoted z [mol.L −1 ], and that once this concentration threshold is exceeded, the instan-138 taneous probability of death, denoted h(t), increases linearly with the internal concentration. The
where b w [L.mol.time −1 ] is the killing rate and h b [time −1 ] is the background mortality rate.
141
Then, the survival probability over time under the GUTS-RED-SD model is given by
The GUTS-RED-IT model supposes that the threshold concentration is distributed among organ-143 isms and that death is immediate as soon as this threshold is reached. The probability of death at the 144 maximal internal concentration with background mortality h b is given by
Assuming a log-logistic function, we get
and shape β of the threshold distribution, which gives from the Bayesian inference, we can define the RM SE j as
where the normalized RMSE (NRMSE) is given by dividing RMSE by the mean of the observations, 171 denoted y obs . We then have the distribution of the NRMSE, from which we can obtain the median 172 and the 95% credible interval, as presented in Table 2 . 
Posterior predictive check (PPC)
174
The posterior predictive check consists of comparing replicated data drawn from the joint posterior 
Mathematical definition and properties of LC(x, t)
185
The LC(x, t) makes sense only under conditions of constant exposure profiles (i.e., for any time t,
186
C w (t) is constant). In such situations, we can provide an explicit formulation of the survival rate over 
191
Let LC(x, t) be the lethal concentration for x% of organisms at any time t and S(C, t) be the 192 survival rate at the constant concentration C and time t. Then, the LC(x, t) is defined as
where S(0, t) is the survival rate at time t when there is no contaminant, which reflects the back-
194
ground mortality. 
GUTS-RED-IT model
204
The lethal concentration LC IT (x, t) is given by
It is then clear that as t increases, the LC IT (x, t) converges to
In the specific case of x = 50%, we get lim profiles.
216
With the exposure profile C w (τ ), with τ ranging from 0 to t, the M F (x, t) is defined as
multiplication factor since regardless of the exposure profile (constant or time-variable), we get the 219 following relationship:
where D M F w (t) is the internal damage when the exposure profile is multiplied by M F (x, t).
221
GUTS-RED-SD model
222
The multiplication factor M F SD (x, t) is given by
GUTS-RED-IT model
224
The multiplication factor M F IT (x, t) is given by
Therefore, from a GUTS-RED-IT model, solving the toxicokinetics part, which gives max
is enough to find any multiplication factor for any x at any t. When the external concentration is 227 constant, this maximum is
Results
229
Goodness-of-fit of GUTS-RED-SD and GUTS-RED-IT models
230
For all compounds, fitting observed survival with test data obtained under constant exposure 231 profiles provides better fits than using data from testing under time-variable exposure profiles ( Table 2 shows that the GUTS-RED-SD and GUTS-RED-IT models are similar in the quality Table 2 : Results of calibration and validation of the GUTS-RED-SD and GUTS-RED-IT models for the five chemical compounds: carbendazim (car), cypermethrin (cyp), dimethoate (dim), malathion (mal) and propiconazole (prz). Profiles of exposure concentrations are either constant, denoted cst, or variable, denoted var. The notation cst → var indicates that calibration was carried out with a data set of constant exposure and that validation was carried out with a data set of time-variable exposure (see data set in Table 1 ). The measures NRMSE, %PPC, WAIC and LOO-CV assess the goodness-of-fit and are fully explained in section 2.4. 
GUTS SD GUTS IT
LC(x, t) as a function of time t 258
As expected, Figures 1-(A,B) instance, as shown in Figure 1-(B) , the uncertainty at day 6 and afterward is greater than that around 268 day 3.
269
When t increases to infinity, LC(x, t) converges towards the distribution of parameter z for the 270 GUTS-RED-SD model (see equation (11) (11) and (13)). 
LC(x, t) as a function of percentage of the population affected, x 274
As shown in Figure 1- recommend that the standard x = 50% be chosen. is assessed, the lower the multiplication factor is. In addition, these graphics reveal that there is 
Comparison of M F (x, t) between GUTS-RED-SD and GUTS-RED-IT models
Patterns of internal scaled concentrations
299
The dominant rate constant k d , which regulates the kinetics of the toxicant, is always greater for 
Variation in the number of pulses in exposure profiles
312
The first step has been to explore the effect of the number of pulses (9, 6 and 3 pulses of one day each) 
Variation in the period between two pulses 328
To explore the effect of depuration time, we simulated exposure profiles under two pulses with estimation, we recommend that 50% be selected, at least for comparisons between studies. We also
406
show that under constant exposure profiles, the multiplication factor exhibits an asymptotic shape 407 similar to that of the lethal concentration. There is an incipient value of the multiplication factor for 408 any x as time goes to infinity. Therefore, under constant profiles, we recommend that the latest time 409 point in the exposure profile be used to determine toxicity endpoints to reduce the sensitivity of the 410 multiplication factor estimation to time.
411
However, the multiplication factor is meaningful when applied to realistic exposure profiles, which 412 are rarely constant, and our study shows that there is no asymptotic shape under such conditions.
413
In addition, we observed great sensitivity of the multiplication factor to time around peaks in the 414 exposure profiles, that is, high variation in the multiplication factor with a small amount of change 415 in time. Therefore, it is recommended that multiplication factors be computed only some time (e.g.,
416
several days) after a peak. More generally, the multiplication factor is designed to be compared to 
433
In both models, from the underlying mechanism, we know that damage is positively correlated 434 with pulse amplitude: the lower the amplitude is, the lower the damage is, as shown in Figure 4 . As mechanism-based models combined with a Bayesian approach offer several tools (Albert et al., 2012) . 
470
Despite their many advantages, TKTD models and therefore GUTS models remain little used.
471
This lack of use is due to the mathematical complexity of such models based on differential equations 472 that need to be numerically integrated when fitted to data (Albert et al., 2016 Baudrot, V., Preux, S., Ducrot, V., Pavé, A., Charles, S., 2018c. New insights to compare and choose 539 tktd models for survival based on an inter-laboratory study for Lymnaea stagnalis exposed to cd. 
